The ,8-binomial model is widely used for analyzing teratological data involving littermates. Recent developments in statistical analyses of teratological data are briefly reviewed with emphasis on the model. For statistical inference of the parameters in the ,8-binomial distribution, separation of the likelihood introduces an innovation in likelihood inference. This leads to reducing biases ofestimators and also to improvingaccuracy ofempirical significance levels oftests. Separate inference of the parameters can be conducted in a unified way.
Introduction
Because teratological data include observations on fetuses from the same litter, binary responses have litter effects that cause overdispersion against the binomial model. By taking account the litter structure, several statistical models have been introduced, and many of their inference procedures have been proposed and improved. Reviews of this subject were presented in Haseman and Kupper (1) and in Krewski et al. (2) . In the next section, we give a brief review ofrecent developments for statistical inference of the semiparametric model and the parametric model in the teratological data analysis and especially that ofthe (3-binomial model. Then we review our recent work on modifications for the moment estimators of the parameters in the model.
Recent developments for likelihood inference emphasize advantages of separation of the likelihood (3). We will apply separate likelihood inference for the (3-binomial population in the third section ofthis paper for expectation of improvement ofthe usual likelihood inference. A simulation study is conducted for examining performance of the applied inference procedures. In the final section, we discuss unsolved problems and future studies on the (3-binomial model.
Review of Teratological Data Analysis General View
For the test of the difference between prevalence rates in two samples, Gladen (4) proposed the jackknife method. On the assumption ofthe first two moments modeled on the litter structure, Williams (S) proposed the quasi-likelihood method for the dose-response regression analysis. On the other hand, the binomial sampling error model was generalized for litter effects as the following parametric models. Williams (6) introduced the (3-binomial model in the teratological data analysis. He assumed a (3 distribution between prevalence rates of litters. Kupper and Haseman (7) introduced the correlated binomial model by considering the correlation between two binary responses within the same litter. A different approach was used by Ochi and Prentice (8) . In their model, binary responses within the same litter are defined according to whether the corresponding components of a multivariate normal variate with common mean, variance, and correlation exceed a common threshold. The usual likelihood methods for inference of the parameters have been used in the above models.
Among the existing models, the most important one is the (3-binomial model. This model has been used widely in the analysis of teratological data and has been studied by many biostatisticians (9, 10 (12) , and the theoretical aspect was discussed by Yamamoto and Yanagimoto (13) .
Incorporating historical controls to a current toxicological experiment is another attractive topic. Throne (14) assumed that the prevalence rate of the current control varies according to a (3 distribution. Hoel and Yanagawa (15) constructed a conditional test given the fixed number of responses in the current control group. In applications to actual data, estimates ofthe parameters in the ( distribution are necessary, which might be obtained from the historical control data distributed in a (3-binomial distribution. Recently, Prentice et al. (16) conducted a non-Bayes approach to incorporating the historical control data. They assumed that the historical controls follow a (3-binomial distribution and the current experiment data follow a binomial or a (3-binomial distribution. Inference of the parameters in an applied model is based on thejoint likelihood ofthe historical and the current data.
3-Binomial Distribution
Let ni denote the size of the ith litter (i = 1, * m , i), and let xi denote the number of affected fetuses. The number xi is assumed to be distributed in a binomial distribution Bi(ni, pi) for a fixed prevalence rate, pi. In addition, the prevalence rate, pi, is assumed to follow a A distribution, say BB(ni, ir, 4), which has the following probability function:
, r,0)=(&\ fl0I(7r +r0flr(= -+G Hr=(1 + rO) wherex = 0,1, .*,n; O = 0/(1-)), 0 . < 1,0 <ir < 1. The mean, i, and the variance, a, ofthe distribution are nr and n7r (1 -7r) [ 1 + (n -1))], respectively. The parameter w represents the incidence rate of binary responses, and the parameter 4 represents the positive correlation coefficient between two binary responses. The marginal point 4 = 0 means the binomial distribution so that 4 is regarded as an index of overdispersion against the binomial model. Prentice (17) noted that the (3- binomial distribution formally covers underdispersion to a limited extent.
Here we note that the (3-binomial distribution does not have favorable analytical properties. The distribution has the antimode when 4 is large. Explicitly, when (n + 1)7r-(n -1)0 -1 < 0 and (n + l)7r-(n -1)(1-f) - Tarone (24) and recommended by Paul et al. (23) is able to test this marginal point without any difficulty. Accuracy ofthe empirical significance level can be improved by using an alternative asymptotic distribution of the test statistic under the assumption of large litter sizes proposed by Kim and Margolin (25) . As Prentice (17) noted, in the extended (3- binomial distribution, the point zero can be treated as an inner point of the parameter range so that the traditional LRT theory can be applied correctly.
Method of Moments
The moment estimator of wr is i = xi In, which is unbiased and has a potential efficiency (20) . The moment estimator of is denoted by ns2 (n-(n-1)(n -a) where = 2(x,-x )2/(m-1), which is known to have an asymptotic positive bias. The estimator ),,0 is given as the root of the estimating equation (26) 9b(x; k) = ns2 _ -(n--)-(n-1)i(n-x) = 0, which is not unbiased, that is, E[gb(x; 4) ] * 0. This comes from the fact thatix (n-xi ) is not an unbiased estimator ofn2w
(1-4v). Yanagimoto and Yamamoto (27) claimed that removing the bias from an estimating equation for a usual moment estimator leads to better performances in many examples appearing in the actual statistical analyses. An unbiased estimating equation for 4 g(x; )=(mn -1)s2
Mi(n -i) -n -)(mi(n -) + -a') = OX gives a moment estimator f(X; Ad ) = fm(t;Ii,0)fc(Z,0I1t), (2) where t is the sample sum or the sample mean. The marginal density is used as the likelihood for inference ofA, and the conditional density is used as the likelihood for 0. For each test procedure, empirical significant levels for the dian bias, which is defined by the median deviation from the true nominal s and 1 % levels are examined.
value, and the MSE. The median bias is used because it is hardly
The results are given in Tables 3 and 4 , showing that the usual influenced by the non-negative constraint to estimates.
LRT statistical significance when is larger than
The results are shown in Tables 1 and 2 . Noteworthy findings 0.04. The squared t-test overstates all the parameter values and in Table 1 are that the median biases of the two conditional MLEs has stable empirical levels when r is large. The approximations are about half those of the MLEs. The unbiased moment by the normal distribution and the (-binomial distribution to the estimator decreases by 1 when w is large. the usual LRT for all the parameter values. The understatement Table 4 . Empirical significance levels of tests for of Tm8 can be improved by using the chi-square distribution in the parameter wwith 1% nominal level place of the F distribution to yield the critical values when an (litter size = 10, number of animals = 20, number of iterations = 10,000). estimate X is 0. In the right-hand columns of Tables 3 and 4 Note that the one-sided U test can be produced by the signed LRT (31) as given in Tables 5 and 6 . the signed LRT against the one-sided LRT, likelihood ratio test. 5.20 'Values in parentheses were obtained using a one-sided test.
4.72 alternative leads to better accuracy of empirical levels for the 4.88 two conditional LRTs than the usual LRT. 4.69 In conclusion, the simulation study has shown that separate 4.83 likelihood inference has the ability to innovate in statistical inference of the parameters (T,O) in the B-binomial distribution. aValues in parentheses were obtained using a one-sided test.
Further Problems
In this paper we do not consider the heterogeneous litter-size case, two-sample problems, and the regression analysis. Notice that the inference procedures proposed above are derived from separation ofthe likelihood. We expect that this principle can be applied to these statistical problems successfully. For example, in two-sample problems, the estimation of a common 4 may be conducted by maximizing the conditional likelihood Pim(t, *1, ' )P2(Yt, #2,0) Pim(tl 7 l 1)P2m(t2) '2 i0) where t1= = Xi, t2 = E y,, f#= X /n,, f2= 5FM/f2, and the marginal distributions of t, and t2 are adjusted to (B-binomial distributions, respectively. The t-test for the difference between two incidence rates with a common dispersion may be constructed by the signed marginal LRT where WC = (mif#I + m2z2)/(m, + m2) and + is the above conditional MLE. For regression problems, the construction of inference procedures for regression coefficients looks more difficult but is worth future study.
